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A B S T R A C T   
The computational fluid dynamics (CFD) modeling is an applicable tool for the prediction of fluid 
flow characteristics (velocity, temperature, pressure, etc.). However, CFD requires a lot of time, 
computational efforts and as a result, much more expenses for complicated cases (e.g. turbulent 
flow, 3-dimensional calculations, etc.). The present work tries to conduct an investigation on the 
potential of the artificial intelligence algorithms in overcoming such barriers of CFD modeling. 
Turbulent forced convection of Cu/water nanofluid in a tube under constant heat flux is 
considered as a case study for the model development. The density and viscosity of the based fluid 
are enhanced by the suspension of the nanoparticles. This makes more pressure drop and as a 
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result, imposes more pumping power. So, this paper is focused on a way to facilitate the pre-
diction of the pressure of the nanofluid convective flow. The results of the CFD modeling are 
learned by the adaptive network-based fuzzy inference system (ANFIS), as the artificial intelli-
gence method. The CFD modeling is done for several Cu nanoparticle volume fractions (i.e. 0.3, 
0.5, 0.8, 1, and 2). Several types of variables as inputs (i.e. x, y, z, and nanoparticle volume 
fraction) and different kinds of membership functions (i.e. Generalized bell-shaped membership 
function (gbellmf), Gaussian membership function (gaussmf), Gaussian combination membership 
function (gauss2mf), Difference between two sigmoidal membership functions (dsigmf), Product 
of two sigmoidal membership functions (psigmf)) are examined until the intelligence re-
quirements of the ANFIS are satisfied. Once the best intelligence of ANFIS has been achieved, 
there is no need for complicated CFD modeling. The ANFIS predictions show the highest 
compatibility with the CFD results. The maximum pressure drop was predicted around 1500 Pa. 
The results also revealed that for checking the intelligence condition the coefficient of determi-
nation (R2) is not solely sufficient and the error values must be considered as well. Considering 
the gauss2mf as the membership function and the nanoparticle volume fraction as the fourth 
input, the ANFIS could distinguish intelligently the pattern of data (changing the pressure with 
coordinates and particle fraction). For the best intelligence, the mean standard error was around 
zero, while the coefficient of determination was close to one. At this condition, the pressure of the 
nanofluid could be determined as a function of the nanoparticle volume fraction and anywhere 
inside the tube without using the CFD modeling.   
Nomenclature 
Roman symbols 
Cp specific heat capacity at constant pressure (J/kg.K) 
dp nanoparticle diameter (m) 
k thermal conductivity (W/m K) 
kt turbulent conductivity (W/m K) 
k turbulence kinetic energy (m2/s2) 
p static pressure (N/m2) 





T temperature (K) 
V velocity (m/s) 
Greek letters 
ε dissipation rate of turbulence kinetic energy (m2/s3) 
μ dynamic viscosity (kg/m s) 
μt turbulent viscosity (kg/m s) 
ρ density (kg/m3) 
ϕ particle volume fraction 
τ shear stress (N/m2) 
υ kinematic viscosity (m2/s) 
Subscriptions 
bf base fluid 
eff effective 
f fluid 
p particle phase 
l liquid phase 
gbellmf Generalized bell-shaped membership function 
gaussmf Gaussian membership function 
gauss2mf Gaussian combination membership function 
dsigmf Difference between two sigmoidal membership functions 
psigmf Product of two sigmoidal membership functions 
R correlation coefficient 
MFs membership functions  
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1. Introduction 
Various industrial uses and applications exist for heat transfer equipment; however, attempts have been performed to rise the 
efficiency and decrease the size and weight. Using conventional fluids in this method has been restricted owing to their thermal 
deficiencies. Thus, the main obstacle for enhancing heat transfer procedures is these liquids’ weak thermo-physical features. Intro-
ducing nanofluids (NFs) provides a great solution for enhancing the thermal efficiency for heat transfer equipment [1]. NFs are the 
conventional fluids with the homogenous suspension of solid particles at nano size [2]. The term of nanofluid, for the first time, was 
introduced by Choi [3]. The dispersion of solid particles in a base fluid has shown significant variations in properties of liquids, 
especially thermal conductivity and dynamic viscosity [4]. Based on the numerical and experimental studies, it was indicated that the 
potential and ability of the resultant mixture known as a NF, increases the heat transfer rate and efficiency in different applications. 
Indeed, NFs are studied in various sectors, e.g., solar energy [5–8], power applications [9,10], micromechanics and instrumentation 
systems [11,21]. 
There are numerous numerical and experimental studies on NFs to investigate their thermal and flow features via straight channels 
[12,13]. Numerical assessments were conducted on the turbulent flow heat transfer of Al2O3–water NF utilizing a circular tube. It was 
reported that using the NF leads to great enhancement in heat transfer [14]. Hou and Ting [15] improved the heat transfer numerically 
utilizing Al2O3–water NF within a triangular duct under laminar flow circumstances. They found a considerable heat transfer 
improvement when replacing water by the NF [45]. The turbulent convection of the NF within a straight channel was investigated in 
[16] and reported significant improvements in the heat transfer rate. Esmaeili et al. [17] performed numerical investigations on the NF 
flow’s heat transfer features within a sinusoidal wavy channel. They indicated that by enhancement of the nanoparticles’ concen-
tration and flow rate of NF, the Nusselt number would be increased. Ajeel et al. [18,19] conducted some numerical studies on 
corrugated channels utilizing various kinds of nanofluid. They found that the average Nusselt number is enhanced dramatically in 
comparison to the smooth channels owing to the corrugation profile. More importantly, they indicated within their assessments, the NF 
considerably improves the heat transfer in comparison to the pure base fluid. Numerical and experimental studies were performed [20] 
on NF flow’s convective heat transfer within different-shape channels (straight, trapezoidal, and sinusoidal). The findings revealed that 
the heat transfer improvement, and the average Nusselt number increment by enhancing the nanoparticles volume fraction, however, 
the pressure drop is also increased which should be taken into account. 
Reviewing the literature shows that there are many numerical investigations [2,4,6,21–24] on CFD modeling of forced convection 
of the NFs. The adverse effects of the NFs on pressure drop and the required pumping power have been confirmed by researchers. The 
CFD methods are perfect tools for the prediction of thermal and hydraulic parameters of fluid flow. But, the CFD models could be so 
time-consuming and expensive in complex cases, for example, turbulent flows, 3-dimension large scale, etc. In such cases, artificial 
intelligence (AI) algorithms can be helpful. Once the CFD results are obtained, the AI algorithm can learn the data and find the general 
pattern of the CFD data changes. Besides, the AI algorithm can find the relationship of the flow characteristics with the boundary 
conditions and fluid properties. The cooperation of the artificial intelligence (AI) algorithms using the adaptive network-based fuzzy 
interface system (ANFIS) with the CFD has shown by a few studies [25–35,44]. These studies just simply employ the ANFIS method 
without any tuning analysis for setup for achieving the highest level of intelligence. For example, it is still unknown how the number of 
input variables of the ANFIS could influence the accuracy of the prediction. In addition, the application of the ANFIS in developing 
correlations and finding the relation of the predicted fluid flow characteristics with boundary conditions and fluid properties have been 
unknown. 
For filling this research gap, this work is focused on setting up of ANFIS method in cooperation with the CFD approach. The effect of 
the number of inputs and the type of membership function on level of the intelligence is assessed. Additionally, this study, for the first 
time, tries to show how the artificial intelligence method and in specific, the ANFIS method could be helpful in simplification of the 
commonly used CFD methods. For this purpose, a correlation is developed to simply find the relationship between the pressure and the 
nanoparticles volume fraction in any places inside a simple pipe. 
2. Methodology 
2.1. Geometry structure 
In this work, a cylindrical tube in a horizontal position and with dimensions of 1 cm diameter and 100 cm length is taken into 
account for the simulations. A constant heat flux is applied to the tube wall. 
2.2. CFD approach 
In the current simulation, ANSYS FLUENT package was utilized based on the finite volume method (FVM). Similar to the model 
boundary circumstances, the walls are postulated to be under constant heat flux while considering uniform temperature and velocity 
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Momentum equation 
A. Marjani et al.                                                                                                                                                                                                       






























The k − ε turbulence model for calculating the turbulent eddy viscosity and the turbulent kinetic energy (k) as well as its energy 


































, ​ μt = ρeff Cμ
k2
ε (6)  
Cμ = 0.09, σk = 1.00, σε = 1.30,C1ε = 1.44,C2ε = 1.92  
2.3. Thermo-physical properties of Cu/water nanofluid 
The reputable experimental study carried out by Xuan and Li [37], has been considered as a case for CFD modeling. So, the values of 
effective viscosity and conductivity of the nanofluid are taken from Xuan and Li [37] as listed in Table 1. The effective mass density of 
the nanofluid, ρeff is written as [4,21]: 


























(1 − ϕ)ρf + ϕρp
(9)  
2.4. ANFIS 
Intelligent algorithms techniques are frequently utilized for predicting different phenomena in academia and industries[27,28,38]. 
These methods can learn physics and simulate the phenomena through its language. It is possible to establish its structure based on the 
required evaluations and demands. In the present work, a learning framework was designed to comprehend the present data and define 
an ANFIS pattern based on the data to predict the non-present data in that particular package of data. We create new set up data for 
prediction in the last stage of code development. In previous studies [39,40], this stage was also established for simulating fluid 
pattern. In the present, the ANFIS pattern, the first-order Sugeno is run representing 2 fuzzy rules as follows: 
if x is A and y is C 
ϖ1 = κ1x + q1y + r1 (10) 
if x is B and y is D 
ϖ2 = κ2x + q2y + r2 (11) 
The logical system for the Sugeno model in the ANFIS structure is represented in literature [30,38]. 
Table 1 
Experimental values of the effective thermal conductivity and viscosity of Cu-water NF 
based on Xuan and Li [37] study.  
Cu/water nanofluids properties 
ϕ Knf (W/m.0C) νnf × 106 (m2/s) 
0.3% 0.6054 0.91 
0.5% 0.615 0.915 
0.8% 0.6252 0.945 
1% 0.6306 0.96 
2% 0.702 1.125  
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The Q(l,Γ) represents the output function of Γth node in the first layer representing [41]: 
Q1,Γ = μAΓ(x),Γ = 1, 2,Q1,Γ = μBΓ− 2(x),Γ = 3, 4 (12) 







Moreover, aΓ, bΓ, cΓ represents a set of parameters. The role of bell-shaped patterns is changed based on the quantity of the al-
terations for various parameters. 
Second layer: total nodes are permanent in the second level, and the function output is the outcome of the overall entering signals 
[41]: 
Q2,Γ =ωΓ = μAΓ(x)μBΓ(y),Γ = 1, 2 (14) 




,Γ = 1, 2 (15) 
This layer’s outputs are called normalized discharge capabilities for more availability. 
Fourth layer 4: The node I is termed the adjusting node by a node function in layer 4 [41]: 
Q4,Γ =ωΓϖi = ωΓ(κΓx+ qΓy+ rΓ) (16) 
κΓ, qΓ, rΓ represent a cluster of variables for the node. 
Fifth layer: The individual node is a fixed node in this fifth level. Therefore, this neural mesh calculates the entire value of outputs as 









Fig. 1. Flowchart of prediction of pressure in nanofluid using ANFIS method.  
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Operative inputs are developed to reach the fourth level. By predicting the least squares, the resultant factors are recolonized. The 
error value moves backward in the backward pass. By the dissension of a gradient, the premise factors are utilized. 
Fig. 1 describes the tuning process of the ANFIS for the prediction of the pressure step by step. At the initial step, the coordinates of 
the nodes and the nanoparticles volume fractions are selected as the input parameters, while the water pressure of each node is the 
output. For generating the primary FIS, the grid partition clustering is adopted. For this purpose, the FIS parameters such as the number 
of data, the percentage of data for training, and the maximum number of iterations are determined. In addition, the grid partition 
parameters including the type and the number of membership functions for both input and output are defined. Then, the initial FIS is 
generalized based on the grid partition clustering. The FIS trains the CFD results using the adaptive network algorithm. A sensitivity 
analysis is done on the number of inputs and the type of membership function. The mean standard error (MSE) and the coefficient of 
determination (R2) are recorded during this analysis. The best intelligence of ANFIS is found when the maximum of R and the min-
imum of MSE are obtained. The ANFIS predictions of the pressure are compared with those of the CFD as a validation test. In the end, 
the pressure is correlated to the nodal coordinates (i.e. x, y, and z) and the volume fraction of the nanofluid. 
3. Results and discussion 
Turbulent forced convection of Cu/water based nanofluid is investigated numerically. The nanofluid flow is considered inside a 
pipe under constant heat flux. The density and viscosity of the based fluid are enhanced by suspension of the nanoparticles. The 
enhancement of such properties is made more pressure drop and as a result more required pumping power. Therefore, the measure of 
nanoparticle fraction plays a crucial role in the pumping power of nanofluid. For this reason, in this study, the pressure of Cu/water in 
the pipe is predicted by the CFD model for the nanoparticle volume fraction of 0.3, 0.5, 0.8, 1, and 2%. The nanofluid Reynold number 
(Re) is 10,000. The CFD data are shared with the adaptive network-based fuzzy inference system (ANFIS) to build a high-performance 
hybrid model. Achieving the best intelligence of ANFIS, there is no need to use the complex CFD approach. Further predictions can be 
done by the simple artificial intelligence method of ANFIS. Table 2 is the information table for the explanation of the ANFIS setup in 
this study. Several types of variables as inputs (i.e. x, y, z, and nanoparticle volume fraction) and different kinds of membership 
functions (i.e. gbellmf, gaussmf, gauss2mf, dsigmf, psigmf) are examined until the best intelligence is satisfied. 75% of the CFD data are 
trained and the whole data are tested for validation. The total CFD data and the number of iterations are equal to 24,165 and 60, 
respectively. 
The sensitivity test for the best intelligence is done for different input numbers and membership function types. The coefficient of 
determination (R2) is shown in Figs. 2–4. According to Fig. 2, for 2 inputs, the ANFIS conditions are far from the intelligence (R2~ 
10− 7). As the number of inputs increases from 2 to 3, the R2 gets closer to 1 (~0.992). For 3 inputs, the amount of the mean standard 
error (MSE) is significant, even though the R2 is roughly 1. However, based on Fig. 4a and b, considering one more input (i.e. 
nanoparticle volume fraction), the MSE decreases to less than 0.2, while the values of R2 remain close to 1. For 4 inputs, gauss2mf 
shows the least MSE (i.e. ~0.0007). Therefore, the best intelligence can be found for 4 inputs and the membership functions of 
gauss2mf. In addition, this could be concluded that the value of R2 solely is not a reputable index for intelligence condition. The other 
parameters like the errors must be considered for the best assessment. Finally, it should be noted that considering the nanoparticle 
volume fraction as the fourth input, the ANFIS could be able to distinguish the existing differences between the CFD data (the predicted 
pressure). 
Fig. 5 shows the regression number for 4 inputs and gauss2mf membership function. The regression number of 1 verifies the best 
intelligence conditions. Also, the FIS structure and degree of membership are illustrated in Figs. 6 and 7, respectively. Fig. 8 illustrates 
the comparison between the ANFIS and the CFD predictions of the pressure. The results revealed a great agreement between both 
methods in the prediction of the nanofluid pressure. The blue points represent the predicted values of the pressure by the CFD, while 
Table 2 
Information table of learning processes.  
fraction of nano particle fraction = 0.3, 0.5, 0.8, 1, 2% 
Reynolds number (Re) 10,000 
number of inputs in the best intelligence 4 
type of membership function in the best intelligence gauss2mf 
changes in type of membership function was evaluated gbellmf, gaussmf, gauss2mf, dsigmf, psigmf 
P (%) percentage of data in training process 75% 
number of data 24,165 
number of iterations 60 
type of data clustering grid partition clustering 
type of FIS Sugeno 
number of input membership functions 2 
number of rules 16 
number of output membership functions 16 
ANFIS input1 x-direction(X) 
ANFIS input2 Y-direction(Y) 
ANFIS input3 Z-direction(Z) 
ANFIS input4 nano particle fraction in fluid 
ANFIS output pressure  
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the red ones show those by the ANFIS. According to Fig. 8, the pressure drop in the pipe is around 1500 Pa. Using the Darcy–Weisbach 
equation [42], the friction factor would be around 0.0363. As a validation, this value predicted by the CFD and the ANFIS is compared 
with the results of the formula of Moody diagram and the formula suggested by Petukhove [42] for turbulent flow in the smooth pipe (f 
= 0.0315), and a good agreement is achieved. 
Table 3 shows the Gaussian 2 membership function and its parameters (i.e. c1, σ1, c2, and σ2). According to Fig. 6, there are 8 
membership functions (i.e. 2 functions for each input) and there are a total of 16 rules and membership functions for both hidden layer 
and output. Once the requirement of the best intelligence is satisfied, the corresponding values of Gauss2mf parameters (i.e. c1, σ1, c2, 
and σ2) for each function and the consequent parameters of the ANFIS (i.e. o, p, q, r, and s) for each membership function of the output 
can be determined. Table 4 describes the values of the membership function parameters at the best intelligence. After finding the 
gauss2mf parameters, according to equation 18, the degree of membership function (μ) can be calculated. Fig. 7 illustrates the degree 
of the membership functions versus the inputs in each cluster. The input domain is known in horizontal axis of the graph. Table 5 
illustrates the values of the consequent parameters of membership functions of the output (i.e. pressure). The table shows a total of 16 
sets of the consequent parameters for 16 membership functions of the output. Finally, as all parameters of Equation 18 are determined, 
Fig. 2a. The coefficient of determination (R2) of training process for different types of membership function and two inputs.  
Fig. 2b. The coefficient of determination (R2) of testing process for different types of membership function and two inputs.  
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the corresponding pressure value to the nanoparticles volume fraction can be calculated anywhere inside the tube without using the 
CFD modeling. In this way, the computational efforts are facilitated by the artificial intelligence of the ANFIS. In other words, the 











μ1i × μ2j × μ3k × μ4l
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2σ2 , μ2j = e
− (x− cj)
2
2σ2 , μ3k = e
− (x− ck)
2
2σ2 , andμ4l = e
− (x− cl)
2
2σ2 (19)  
Fig. 3a. The coefficient of determination (R2) of training process for different types of membership function and three inputs.  
Fig. 3b. The coefficient of determination (R2) of testing process for different types of membership function and three inputs.  
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4. Conclusions 
Although the computational fluid dynamics (CFD) approach is a perfect tool for the prediction of fluid flow characteristics (ve-
locity, temperature, pressure, etc.), this method is time-consuming and expensive for complicated cases (e.g. turbulent flow, 3-dimen-
sional calculations, etc.). This paper was aimed to establish an investigation on the potential of the artificial intelligence algorithms for 
solving such CFD deficiencies. When the CFD results are calculated, the AI model would learn the pattern and find the general form of 
the CFD findings. The ability of the adaptive network-based fuzzy inference system (ANFIS), as the artificial intelligence method, in 
CFD data capturing has been recently shown by some studies. However, there are no investigations on tuning analysis for the highest 
level of ANFIS intelligence. In addition, the application of the ANFIS in developing correlations and finding the relation of the pre-
dicted fluid flow characteristics with boundary conditions and fluid properties is not available. 
The turbulent convective flow of Cu/water nanofluid in a tube under constant heat flux was adopted as a case study. Since the 
viscosity of the base fluid and as a result, the pressure drop of the base fluid is upgraded by the suspension of the nanoparticles, the 
pressure of the nanofluid was selected as the target variable for prediction. The adaptive network-based fuzzy inference system 
Fig. 4a. The coefficient of determination (R2) of training process for different types of membership function and four inputs.  
Fig. 4b. The coefficient of determination (R2) of testing process for different types of membership function and four inputs.  
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(ANFIS), as the artificial intelligence method, learned the CFD results. The x, y, and z coordinates of the fluid in the pipe domain and 
also the nanoparticles volume fraction were selected as inputs. The best intelligence condition was checked by changing the input 
number (i.e. x, y, z, and nanoparticle volume fraction) and the type of membership function (i.e. gbellmf, gaussmf, gauss2mf, dsigmf, 
psigmf). 
The following results could be found in this study:  
• As the number of inputs increases from 2 to 3, the coefficient of determination (R2) gets closer to 1 (~0.992). For 3 inputs, the 
amount of the MSE is significant, even though the R2 is roughly 1. However, considering one more input (i.e. nanoparticle volume 
fraction), the MSE decreases to less than 0.2, while the values of R2 remain close to 1.  
• The results presented that including all 4 inputs and the membership function of the Gauss2mf made the best intelligence.  
• Considering the gauss2mf as the membership function and the nanoparticle volume fraction as the fourth input, the ANFIS could 
distinguish intelligently the pattern of data (changing the pressure with coordinates and particle fraction).  
• As a validation test, the ANFIS predictions covered the CFD results with high compatibility. According to the predictions, the 
maximum pressure drop was around 1500 Pa. 
Fig. 5. Regression plot in the best intelligence when number of inputs is 4 and type of membership function is guass2mf.  
Fig. 6. FIS structure in the best results where number of rules is 16.  
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• After achieving the best intelligence condition, the consequent parameters could be found. These parameters create a pressure 
function depending on the nanoparticle volume fraction and the nanofluid position inside the pipe. Therefore, the CFD prediction of 
the pressure can be replaced with a simple correlation resulting from the artificial intelligence method of ANFIS. 
Fig. 7. Degree of membership when number of inputs is 4 and type of membership function is guass2mf and number of input MFs for each input 
is 2. 
Fig. 8. Comparison between the pressures predicted by ANFIS and CFD.  
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This study took into account the adaptive network as the trainer for the fuzzy inference system. Considering the other algorithms as 
the trainer such as ant colony optimization, differential evolution, bee algorithm, etc. is suggested for further investigations in the 
future. 
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Table 3 
Gaussian2 membership function equation [43].  
Membership Function Equation 
Gauss2mf left Gaussian curve 
e
− (x − c1)2
2σ12  
Gauss2mf right Gaussian curve 
1-e
− (x − c2)2
2σ22   
Table 4 
Inputs membership functions parameters.  
number of cluster type of MFs σ1 σ2 c1 c2 
‘in1mf1′ ‘gauss2mf′ 0.001698636 − 0.007999 0.0104326 − 0.009681 
‘in1mf2′ ‘gauss2mf′ − 0.003463863 − 0.000267 0.0016986 0.008 
‘in2mf1′ ‘gauss2mf′ 0.001698624 − 0.007999 − 0.007221 − 0.006319 
‘in2mf2′ ‘gauss2mf′ 0.004510663 0.0004008 0.0016986 0.008 
‘in3mf1′ ‘gauss2mf′ 0.135891484 − 0.14 0.252867 0.3676467 
‘in3mf2′ ‘gauss2mf′ 0.236727286 0.6225018 0.1358915 1.14 
‘in4mf1′ ‘gauss2mf′ 0.288769412 − 0.21 0.3426128 0.9403009 
‘in4mf2′ ‘gauss2mf′ 0.462545276 1.3248172 0.2887694 2.51  
Table 5 
ANFIS method consequent parameters for predicting pressure.  
output MFs Output MFs Type o p q r s 
‘out1mf1′ ‘linear’ 6.13911472 3.136442134 − 1527.8184 35.034913 1524.9551 
‘out1mf2′ ‘linear’ 1.44596159 4.149566342 − 1726.8884 26.300756 1682.6079 
‘out1mf3′ ‘linear’ 0.23851999 − 5.33850327 − 1529.712 1.7728046 1529.4368 
‘out1mf4′ ‘linear’ 3.78449518 1.707767834 − 1728.3078 1.8877093 1724.5655 
‘out1mf5′ ‘linear’ 3.1728943 − 1.527343246 − 1534.5571 34.436947 1525.303 
‘out1mf6′ ‘linear’ 2.65257174 2.627940768 − 1739.6445 25.619323 1684.3531 
‘out1mf7′ ‘linear’ − 1.1248037 2.209759402 − 1536.0675 0.1286308 1536.0079 
‘out1mf8′ ‘linear’ − 4.34E+00 − 4.24E+00 − 1740.2271 0.1374538 1739.9739 
‘out1mf9′ ‘linear’ − 2.0187612 7.460227075 − 1534.3307 34.046311 1525.3882 
‘out1mf10′ ‘linear’ 3.29171333 5.2712807 − 1737.7685 25.256472 1685.0037 
‘out1mf11′ ‘linear’ − 1.5778008 − 4.991332302 − 1535.8824 0.3249499 1535.7205 
‘out1mf12′ ‘linear’ 0.50929752 − 2.656150189 − 1738.599 0.3216891 1737.969 
‘out1mf13′ ‘linear’ − 0.9634817 0.535347969 − 1532.2341 34.535277 1525.1787 
‘out1mf14′ ‘linear’ − 0.7831248 − 0.560364119 − 1733.2345 25.797068 1683.7809 
‘out1mf15′ ‘linear’ 1.42346837 − 2.674030689 − 1533.7464 1.2786016 1533.5717 
‘out1mf16′ ‘linear’ 0.23171344 4.506199918 − 1734.1509 1.3110019 1731.5638  
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